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Integrative Analysis of Breast Cancer Cells Reveals an Epithelial-Mesenchymal Transition Role in Adaptation to Acidic Microenvironment
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Early ducts of breast tumors are unequivocally acidic. High rates of glycolysis combined with poor perfusion lead to a congestion of acidic metabolites in the tumor microenvironment, and pre-malignant cells must adapt to this acidosis to thrive. Adaptation to acidosis selects cancer cells that can thrive in harsh conditions and are capable of outgrowing the normal or non-adapted neighbors. This selection is usually accompanied by phenotypic change. Epithelial mesenchymal transition (EMT) is one of the most important switches correlated to malignant tumor cell phenotype and has been shown to be induced by tumor acidosis. New evidence shows that the EMT switch is not a binary system and occurs on a spectrum of transition states. During confirmation of the EMT phenotype, our results demonstrated a partial EMT phenotype in our acid-adapted cell population. Using RNA sequencing and network analysis we found 10 dysregulated network motifs in acid-adapted breast cancer cells playing a role in EMT. Our further integrative analysis of RNA sequencing and SILAC proteomics resulted in recognition of S100B and S100A6 proteins at both the RNA and protein level. Higher expression of S100B and S100A6 was validated in vitro by Immunocytochemistry. We further validated our finding both in vitro and in patients' samples by IHC analysis of Tissue Microarray (TMA). Correlation analysis of S100A6 and LAMP2b as marker of acidosis in each patient from Moffitt TMA approved the acid related role of S100A6 in breast cancer patients. Also, DCIS patients with higher expression of S100A6 showed lower survival compared to lower expression. We propose essential roles of acid adaptation in cancer cells EMT process through S100 proteins such as S100A6 that can be used as therapeutic strategy targeting both acid-adapted and malignant phenotypes.
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INTRODUCTION

The principle driver of evolutionary processes is the concept of survival of the fittest. Those given populations that are the most well adapted to survive in an environment are the ones that will persist. In higher order organisms, the surviving populations are those that have a set of static traits that make them successful in a given environment. At a cellular selection level, organisms have the ability to acclimate to a given environment and alter their phenotype to be more successful in surviving. This ability to alter phenotype in order to acclimate to a given environment is particularly important in the context of cancer cell survival. In order for a cancerous cell population to persist, it must be able to adapt and evolve to maintain its' fitness within a given tumoral environment (1–3). Those cellular populations with the ability to more rapidly and efficiently adapt to the environment will have an advantage over the other cell populations when facing the challenges of a new or changing environment (4). Epithelial to mesenchymal transition (EMT) is one of the phenotypic switches that promote cancer progression, invasion and metastasis. EMT tests a cancer cells ability to efficiently change cellular states in response to changing conditions, also denoted as cellular plasticity, which also often referred to in the cancer stem cell model (5, 6). Although denoted as a transition, It has been recently observed that the EMT process is non-binary and occurs on a spectrum of transition states that can have the characteristics of both epithelial and mesenchymal phenotypes (7, 8). The transition to one of the intermediate states between epithelial and mesenchymal phenotype has been denoted partial EMT (pEMT), with cells expressing both markers of epithelial and mesenchymal cell status. pEMT states compared to complete EMT carry different migratory patterns during cancer metastasis (9, 10), and demonstrate the elevated plasticity of their epithelial progenitors (8). Another cause of EMT can be functional heterogeneity of cancer cells that is the result of genetic and epigenetic makeup as well as their interactions with the microenvironment. It has been recently shown that phenotypic heterogeneity is a dynamic reversible state of highly plastic cancer cells and their response to microenvironmental changes in GBM (11). Lately, there have been proposals for a strong connection between tumor plasticity and recreating intra-tumoral phenotypic heterogeneity (12) and also emphasizing the role of microenvironment in shaping spatial and temporal heterogeneity (13). It looks like the relationship between tumor cell plasticity, and intra-tumoral heterogeneity with emerging new phenotypes such as EMT or pEMT in everchanging cancer microenvironments is getting more attention and will be new area of research. It has been shown that growth factors, such as epidermal growth factor (EGF), transforming growth factor-β (TGF-β), and basic fibroblast growth factor (bFGF/FGF2) are also able to induce EMT (14, 15). It has also recently reported that tumor microenvironment conditions such as hypoxia and acidosis can induce EMT (16, 17).

Adenocarcinomas initiate and evolve within the hostile microenvironment of avascular ducts, which are characterized by acidosis, hypoxia, reactive oxygen species (ROS), and nutrient deprivation (18, 19). In particular, the acidic microenvironment of tumors strongly influences cancer progression and evolution. We have proposed that chronic acidosis induces genomic instability and selects for emergence of aggressive clones, leading to genomic diversity and increased tumor heterogeneity (20–24), a proximal cause of malignancy and resistance (25). Specifically, the acidified habitat imparts a Darwinian selection pressure that favors cells that adapt mechanisms to resist acid-mediated cell death. Further, the acidic microenvironment is also manifested in locally invasive cancers where it confers cancer cells a selective advantage over the stromal cells, leading them to invade to surrounding stroma. Indeed, an acidic microenvironment stimulates invasion and metastasis and also promotes remodeling of the extracellular matrix (ECM) (26–30). Further, acidosis promotes angiogenesis via the release of VEGF (31) and impairs immune surveillance (32, 33). Acid adaptation also pushes cancer cells toward a more aggressive phenotype through lysosomal redistribution (34) and plays a major role in subpopulation formation and evolution of solid tumors.

Integrative analysis has received a lot of attention lately in biology and cancer biology specifically, due to its nature of inter-validating data in different levels of biology such as genome, transcriptome, proteome, and metabolome (35). Different data integration approaches can help to combine various high throughput omics data to construct an integrative regulatory network. These networks can help to understand the molecular basis of carcinogenesis and provide a powerful framework for exploring new cancer biomarkers (36, 37). With the advancements in network inference and construction methods, network analysis, and interpretation approaches it is feasible now to explore authentic and accurate molecular signatures. Another advantage of such analysis is discovery of groups of co-regulated molecules as a sub-network biomarker for treatment, diagnosis or prognosis applications.

Expression profiling is a major key to unraveling gene expression patterns and the transcriptome. RNA sequencing is a next-generation sequencing (NGS) technology that sequences cDNA in order to provide accurate measurement of transcripts levels to define biological networks (38). Networks are the language of complex systems like biological systems. Biological networks are used widely to model biological interactions at the molecular level to understand biological processes particularly in the case of cancer (39). To assess biological networks different techniques have been developed; centrality analysis is one of them (40, 41). Centrality analysis ranks the nodes (genes in gene regulatory networks) based on their significance. In centrality analysis, adding topological parameters to biological data leads to sufficiently informative results that have been shown to be effective in exploring key signature molecules in biological processes (42). Such biological network analysis has been used in cancer biomarker discovery (43).

Here in, we studied the effect of acid adaptation on early stage breast cancer evolution using the MCF7 cancer cell line. We studied EMT phenotypic switches as regulators of acid adaptation using RNA sequencing data and gene regulatory network analysis and by integrating the results to SILAC proteomics data. For that reason, we compared acid-adapted MCF7 breast cancer cell line RNA profile to parental MCF7 cells. The differentially expressed genes in the acid-adapted cells were used to construct a gene regulatory network. This network was implemented to explore sub-network biomarkers related to EMT by a set of robust criteria. We then compared our findings with the SILAC proteomics results and found S100 family proteins such as S100A6 and S100B are abundant in both sets of omics data. We validated both S100B from RNA sequencing and S100A6 from proteomics data, by Immunocytochemistry (ICC). We further our validation using IHC of breast cancer patient TMAs with 160 biopsy cores. S100A6 expression was compared to LAMP2b as a biomarker of acidosis in solid tumors, and each core's LAMP2b expression was co-registered with S100A6 expression using Definiens tissue studio software analysis. The TMA co-registration analysis showed correlation of S100A6 with LAMP2b expression the most in early breast cancer stage, ductal carcinoma in situ, DCIS. Survival analysis of patients with different expression of S100A6 revealed correlation of high S100A6 expression with worse outcome in survival of breast cancer patients. When taken in total, we conclude that amongst many paths of EMT, S100 proteins play critical roles in acid-induced EMT that can be responsible for cancer progression and survival of cancer cells in their continuously changing microenvironments.



MATERIALS AND METHODS

Cell Culture and Acid Adaptation in vitro

MCF7 cells were acquired from American Type Culture Collection (ATCC, Manassas, VA, 2007–2010) and were grown in DMEM-F12 (Life Technologies) with 10% fetal bovine serum (HyClone Laboratories) and 1% peniciline/stroptomycine added. Growth medium was buffered with 25 mmol l−1 each of PIPES and HEPES and the pH adjusted to 7.4 or 6.5. Cells were tested for mycoplasma contamination and authenticated using short tandem repeat DNA typing according to ATCC's. To achieve acid adaptation, cells were chronically cultured and passaged directly in pH 6.5 medium for ~2 months. Chronic low-pH-adapted cells underwent at least 20 passages.



RNA Sequencing

RNA sequencing was performed on MCF7 and acid-adapted MCF7 cells using the NuGen Ovation Encore Complete RNAseq kit, which generates strand-specific total RNAseq libraries (Nugen, Inc., San Carlos, CA). Following quality control screening on the NanoDrop to assess 260/230 and 260/280 ratios, the samples were screened on the Agilent BioAnalyzer RNA Nano chip to generate an RNA Integrity Number (RIN) (Agilent Technologies, Santa Clara, CA). Hundred nanogram of DNase-treated total RNA was then used to generate double-stranded cDNA, which was initiated with selective random priming allowing for the sequencing of total RNA, while avoiding rRNA and mitochondrial transcripts. After primer annealing at 65°C for 5 min, a first strand cDNA synthesis reaction was performed at 40°C for 30 min using kit-supplied reverse transcription reagents. Second strand cDNA synthesis was performed in a 70 μl reaction volume at 16°C for 1 h and the reaction was stopped by adding 45 μl of stop solution. The double-stranded cDNA was then fragmented to ~200 bp with the Covaris M220 sonicator (Covaris, Inc., Woburn, MA), followed by purification with Agencourt RNAClean XP (Beckman Coulter Life Sciences, Indianapolis, IN). The fragmented DNA was suspended in 10 μl of water and end repair was performed in a 13 μl for 30 min at 25°C, followed by a heat inactivation of 70°C for 10 min. Sample-specific indexed adapter was ligated to the end-repaired DNA for 30 min at 25°C, followed by a two-step strand selection process with an intervening 1.8X volume RNAClean XP bead purification. 13 cycles of library amplification and a 1.2x volume RNAClean XP purification of the strand-selected library was performed, followed by resuspension of the library DNA in 30 μl of RNase-free water. Final libraries were screened for library fragment size distribution using an Agilent BioAnalyzer High sensitive DNA Chip. Libraries were then quantitated using the Kapa Library Quantification Kit (Roche Sequencing, Pleasanton, CA), normalized to 4 nM, and were sequenced on an Illumina NextSeq 500 150-cycle high-output flow cell in order to generate ~40 million paired-end reads of 75-base per sample (Illumina, Inc., San Diego, CA) (44).



RNA Sequencing Data Processing and Analysis

The RNA-seq data analysis workflow has been provided schematically in Supplementary Figure 1. Raw reads were quality-filtered to obtain clear data via removal of adaptor sequences, ambiguous or low-quality reads and reads with more than 5% N, using FastQC version 0.11.8 (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and Trimmomatic version 0.39) (45). Then clean reads were aligned to the reference genome (GRCh37) using HISAT2 version 2.1.0 (46). Finally, the read count values for aligned sequences of genes were computed to represent the expression levels of genes using HTSeq version 11.1 (47). Differentially expressed genes (DEGs) between two groups were explored using R (48) package DESeq2 version1.24.0 (49).

Genes with p-value <0.05 were selected as differentially expressed Genes. Benjamini-Hochberg (BH) multiple testing correction was applied on results.




PROTEOMICS

SILAC Labeling

Acid-adapted and naive cells were labeled by SILAC. Cells were cultured in heavy SILAC media (Δ6-lysine and Δ10-arginine) for eight doubling time of MCF7. Extent of labeling was determined by LC–MS/MS analysis of tryptic peptides from labeled samples to ensure >90% labeling.



Lysis and Digestion

Cells were lysed by sonication in a buffer of 50% trifluoroethanol and 50 mM ammonium bicarbonate, pH 8.0, and protein was measured by the Bradford method. Protein from heavy- and light-labeled cells was combined in equal amounts, and lysis buffer was added to bring the final volume to 200 μl. The combined protein was reduced with 100 μl of 40 mM TCEP/100 mM dithiothreitol for 1 h at 37°C. Proteins were alkylated with 100 μl of 200 mM iodoacetamide for 30 min in the dark at ambient temperature. The volume of the reduced and alkylated sample was brought to 1 ml with 50 mM ammonium bicarbonate, pH 8.0. Trypsin was added at a ratio of 1:50 and samples were digested at 37°C overnight. Digests were frozen at −80°C and lyophilized. Dried peptides were resuspended in HPLC water with 0.1% TFA and desalted on 100-mg Thermo hypersep C18 columns. Eluted peptides were dried in a Speed-Vac and resuspended in HPLC water for isoelectric focusing fractionation.



Isoelectric Focusing Fractionation

Tryptic peptides were fractionated using a narrow-pH-range fractionation strategy. At the end of the isoelectric focusing programme, strips were manually cut into 20 fractions. Peptides were extracted and samples were combined in the following manner to achieve 15 fractions for LC–MS/MS analysis: (anode end) samples 1–2, 3–4, 5–6, 7–8, and 9–10 were combined to make five fractions, samples 11–20 were left as individual fractions.



LC–MS/MS

Samples were analyzed as duplicate injections for each fraction. A nano-flow ultra-high performance liquid chromatograph (RSLC, Dionex, Sunnyvale, CA) coupled to an electrospray ion trap mass spectrometer (LTQ-Orbitrap, Thermo Scientific, San Jose, CA) was used for tandem MS peptide-sequencing experiments. The sample was first loaded onto a pre-column (2 cm × 75 μm ID packed with C18 reversed-phase resin, 5 μm particle size, 100 Å pore size) and washed for 8 min with aqueous 2% acetonitrile and 0.04% trifluoroacetic acid. The trapped peptides were eluted onto the analytical column (C18 Pepmap 100, 75 μm × 50 cm ID, Dionex). The 120-min gradient was programmed as: 95% solvent A (2% acetonitrile + 0.1% formic acid) for 8 min, solvent B (90% acetonitrile + 0.1% formic acid) from 5 to 15% in 5 min, 15 to 40% in 85 min, then solvent B from 50 to 90% B in 7 min and held at 90% for 5 min, followed by solvent B from 90 to 5% in 1 min and re-equilibration for 10 min. The flow rate on the analytical column was 300 nl min−1. Ten tandem mass spectra were collected in a data-dependent manner following each survey scan. The MS scans were performed in the Orbitrap to obtain accurate peptide mass measurements, and the MS/MS scans were performed in the linear ion trap using a 60-s exclusion for previously sampled peptide peaks. Mascot (www.matrixscience.com) searches were performed against the UniProt human database downloaded on 11 July 11 2012. Two missed tryptic cleavages were allowed, the precursor mass tolerance was 1.2 Da to accommodate selection of different isotopes of the peptide precursor. MS/MS mass tolerance was 0.6 Da. Dynamic modifications included carbamidomethylation (Cys), oxidation (Met), heavy lysine (Δ6) and heavy arginine (Δ10).

Quantification of differences in protein expression between SILAC-labeled samples was performed as described using MaxQuant. Results were filtered to require a posterior error probability (PEP) score < 0.05 and summed intensity > 0. Candidates were selected among proteins that consistently showed at least a 1.5-fold increase under low-pH conditions across label-flipping experiments.


Network Construction

The STRING database is a valuable resource for the exploration and analysis of functional gene/protein interactions (50). STRING database was used to find conserved experimentally validated gene-gene interaction networks for the explored DEGs. Since STRING builds protein-protein interaction (PPI) networks thereby our network was constructed upon coding RNAs.



Motif Exploring and Motif Ranking

Networks consist of smaller and repetitive structural units which are called motifs. Network motifs can be described as recurring circuits of interactions from which the networks are made (51). Motifs have important roles in biological networks and suggested that they accomplish overriding functions in biological networks. In this study, Cytoscape (52) NetMatchStar plugin (53) was used to find 3-node 3-edge network motifs in the gene regulatory network which retrieved from STRING database.

In order to further our network analysis, multiple topological and biological parameters were determined and used. Log2 fold change of differentially expressed genes associated in the gene regulatory network (Supplementary Table 1), association of network's genes with biological processes involved in EMT (based on explored GOBP terms related to EMT) (Supplementary Table 2) and gene prioritization score (Supplementary Table 3) which were obtained from Cytoscape GPEC (54) plugin (54), were considered as biological parameters. Betweenness centrality and node degree are two network topological parameters (Supplementary Table 4) which obtained using Cytoscape (52) NetworkAnalyzer (55) plugin and were considered besides biological parameters for network's robust motif ranking. Node degree indicates the number of connected edges to each node and betweenness centrality shows the control level of a node over interactions of other nodes in a network. This centrality parameter prefers the nodes that allow to connect non-directly connected clusters of a network.

The next step was to find the most important motifs in the network. For this purpose, a ranking scheme (56) was performed based on a multi objective weighting function. This scheme is based on parameters which we gathered before: (i) Topological parameters, node degree and betweenness centrality, (ii) the presence of motif genes in EMT related biological pathways (see “Discussion” for more detail), (iii) the gene prioritization score obtained from Cytoscape GPEC plugin (54), (iv) acid-adapted MCF7 cell lines gene expression log2 fold-changes (based on differential expression analysis of acid-adapted MCF7 cell lines vs. non-adapted cell lines). Using this weighted multi-objective function in Equation 1, the motif ranking was performed.

[image: image]

GSij is the ranking score for each motif (i = 1… n) in different weighting scheme (j = 1… 13) as said in Table 1. Different weighting values including w1j to w4j are used to strike importance of used factors, <nD>i: average node degree for motif's node, <nB>i: average betweenness centrality of each node in a motif, <PP>i: number of genes in a motif involved in EMT related pathways, <GPS>i: average gene prioritization score obtained from GPEC, <|LFC|>i: average absolute log2 fold change for each motif.


Table 1. Weighting scenarios for motif ranking.

[image: Table 1]

Five different sets of weighting scenarios including 13 different weighting schemes were applied (Table 1) to remove biasness between used parameters in motif prioritization. Each set pays more attention to specific parameters in Equation (1). In the first set, only one parameter is more important for ranking. In the sets 2–4, two, three and four parameters are important, respectively, and constantly have higher weights to the absolute LFC of the motif to explore phenotype-specific top ranked motifs. In the fifth set, equal weights allocated to all the parameters. This weighting scheme leads to 13 ranking score for each motif. After removing duplicated motifs, we selected the top 10 motifs from each weighting scenario for further analysis (Supplementary Table 5).





PROTEOMICS AND TRANSCRIPTOMICS INTEGRATIVE DATA ANALYSIS

Integrative proteomics and transcriptomics data analysis was performed in roder to ensure about consistency of proteomic and transcriptomic data regarding explored motifs. In this regard 19 differentially expressed genes of the top 10 explored motifs cross referenced with SILAC proteomics data (DCIS and MCF7 cell lines) to see which of the following transcriptomes are alternatively translated in the proteomics level.



EXAMINING SURVIVAL AND GENE ALTERATION CHANGES

cBioportal.org was used to examine the survival and gene alteration changes in breast cancer patient samples. For non-invasive breast cancer sample data, the set from Razavi et al. (57) was used, and for invasive breast cancer sample data the set from Curtis et al. (58) was used.



IMMUNOFLUORESCENCE

Cells cultured at pH 6.5 chronically and pH 7.4 of with the same passage were rinsed with PBS, fixed in cold Methanol:Acetone (1:1) for 10 min and then blocked with 4% bovine serum albumin in PBS for 1 h. Samples were incubated with primary antibody of S100B and S100A6(1:100) and secondary Alexa-Fluor 488 antirabbit (1:500) antibody) for 1 h in room temperature. Coverslips were mounted using ProLong Gold Antifade Reagent (Life Technologies) and images were captured with a Leica TCS SP5 (Leica) confocal microscope.



IMMUNOHISTOCHEMISTRY

For human tissues, a TMA containing formalin-fixed and paraffin-embedded human breast tissue specimens was constructed in Moffitt Cancer Center histology core. The TMA contains 27 normal breast tissue, 30 DCIS, 48 invasive ductal carcinomas without metastasis, 49 invasive ductal carcinomas with metastasis and 48 lymph node macro-metastases of breast cancer. Cores were selected from viable tumor regions and did not contain necrosis. A 1:400 dilution of anti-LAMP2 (#ab18529, Abcam), anti-S100A6 antibody (Prestige Antibodies Powered by Atlas Antibodies, Sigma-Aldrich) and anti S100 protein were used as primary antibodies. Positive and negative controls were used. Normal placenta was used as a positive control for LAMP2, normal breast was used as a positive control for S100 and normal kidney was used as a positive control for S100A6. For the negative control, an adjacent section of the same tissue was stained without application of primary antibody, and any stain pattern observed was considered as non-specific binding of the secondary.

Immunohistochemical analysis was conducted using digitally scanning slides and scoring by three independent reviewers. The scoring method used by the pathologist reviewer to determine (1) the degree of positivity scored the positivity of each sample ranged from 0 to 3 and were derived from the product of staining intensity (0–3+). A zero score was considered negative, score 1 was weak positive, score 2 was moderate positive, and score 3 was strong positive (2). The percentage of positive tumors stained (on a scale of 0–3).



STATISTICAL ANALYSIS

Statistical analysis and estimation of correlations in this study were performed using GraphPad Prism v.6. Correlation significance calculated by Pearson correlation. The p-values reported for survival analysis measured by cox regression hazard ratio and log rank tests. All paired tests were performed by Student's t-test.



RESULTS

RNA Sequencing of Acid-Adapted and Non-adapted MCF7 Cells Unravels the EMT Mechanism of Breast Cancer Cells

In order to study the effects of acidosis on EMT of breast cancer cells at early stages such as ductal carcinoma in situ (DCIS) we first probed the effect of chronic acid adaptation on EMT status of MCF7 breast cancer cell line using quantitative reverse transcription-polymerase chain reaction (qRT-PCR) (Figure 1A) and Immunofluorescent (IF) (Figure 1B) techniques. Acid adaptation showed some of the epithelial to mesenchymal phenotypes such as high expression of Vimentin or loss of membrane β-catenin and ZO-1 and didn't show some other's such as loss of E-Cadherins (Figures 1A,B). So, we concluded acid adaptation is a path to complete EMT and the status we observed can be explained as partial EMT induced by acid adaptation that can be completed by further adaptation to acid or other microenvironmental conditions (Figures 1A,B). The partial EMT is reported in other publications and referred as a measure of plasticity (8, 10). Then we carried out sequencing of RNA on a paired sample of MCF7 cells and its acid-adapted counterpart. MCF7 cells are ER, PR, and HER2 positive with many phenotypes of early neoplastic cells such as slow metabolism, and low rate of glycolysis and Warburg phenotype that makes them a proper model of studying acidosis at early stages of breast cancer (27, 59). They are also tumorigenic but not metastatic i.e., injection of MCF7 into immunodeficient mice will result in tumor growth but not metastasis. For RNA extraction we used acid-adapted and non-adapted MCF7 (parental) at the same passage number with similar growth rate at the time of experiment. We identified 1,928 differentially expressed genes in acid-adapted MCF7 cells compared to non-adapted MCF7 (Supplementary Table 1). Using STRING database, a regulatory interaction network based on experimentally validated interactions was plotted. The constructed network was replotted in Cytoscape software for better visualization (Supplementary Figure 2). Then we searched for EMT related markers in the RNA sequencing data and found that acid adapted cells show some of epithelial markers and some of the mesenchymal markers validating the partial EMT statues of acid adapted cells (Figure 1C).


[image: Figure 1]
FIGURE 1. Acid adapted cells show partial EMT phenotype. (A) q-RT-PCR-analysis and (B) IF of EMT marker at RNA and protein level respectively show both markers of epithelial and mesenchymal phenotype are present in acid adapted cells confirming their transient EMT phenotype. (C) Analysis of RNA sequencing shows a mixed epithelial and mesenchymal markers. Heatmap plot for EMT related deferentially expressed genes in AA-MCF7 compared to MCF7. Each row represents a gene and each columns stands for a sample. Cells color is correlated to gene count in the corresponding sample. Color code for gene count: red, high expression; green, low expression.



Gene Regulatory Network

To obtain an interaction network, an effort to unravel the regulatory core related to EMT under the influence of acidosis was made through identifying and ranking 3-node and 3-edge motifs (Figure 2A). To this end, n = 3,320 three member motifs were identified in the network using Cytoscape NetMatchStar plugin. In order to take the significance of motifs in cellular EMT into account, GOBO terms related to EMT were explored. Then for motif ranking scheme a factor was considered for each motif based on the membership of its genes in these terms. In order to place more emphasis on EMT Cytoscape GPEC plugin was used for gene prioritization based on explored GOBP terms. It works based on a random walk with restart algorithm. GPEC helps to rank genes based on their association with specific diseases or biological pathways (EMT in our case) The obtained scores were considered as another weight in scoring function (60). The log fold change, node degree and betweenness centrality were used in the scoring function as well. Using these factors in the scoring function the explored motifs were prioritized and ranked. The top 10 ranking motifs (Figure 2B) were selected for enrichment analysis toward EMT and acid adaptation. These motifs consist of 19 unique genes. Merging of these top ranked motifs leads to construct the underlying core subnetwork of the genes that were affected by acidosis and are related to EMT, differentiation and invasion of the tumor cells (Figure 2C).


[image: Figure 2]
FIGURE 2. RNA sequencing motif analysis unravels EMT related genes involved in acid adaptation. (A) Experimentally validated gene regulatory networks of differentially expressed genes. For better visualization Y files layout algorithm of cytoscape was used to organize the network. Two node interactions and disconnected nodes were ommited. (B) Top ten ranked motifs of our network, directed toward EMT. (C) Top 10 explored motifs based on ranking analysis were merged together. The association of some of genes like P4HB and CALR in multiple motifs which present in top 10 motifs leads to construct a small sub-network by merging of these motifs which leads to construct core regulatory subnetwork.





Integrative Analysis of Transcriptomics and Proteomics of Acid-Adapted and Non-adapted MCF7 Cells Reveals the Role of S100 Proteins in Acid-Induced Epithelial to Mesenchymal Transition

For further validation of our findings in RNA sequencing and EMT related motif analysis at the protein level, we compared all the genes in the EMT motifs with their relative protein change in our SILAC discovery proteomics of the MCF7 cell line published previously (27) as well as the MCF-DCIS (DCIS) cell line which we conducted SILAC proteomics on for this study. Since the focus of this study is on early adaption of breast cancer cells we selected DCIS cell lines and adapted them to acid for 3–6 months in the same process as the MCF7 cells. The SILAC proteomics approach was applied to compare the whole proteome of acid-adapted cancer cells to non-adapted counterparts. SILAC or stable isotope-labeled amino acids in cell culture is a quantitative mass spectrometry (MS) based technique that is used to compare the proteome of pairs of biological samples (61) which in our case is acid-adapted and acid-naive breast cancer cell lines. To minimize the rate of false-positive biomarker association, parallel SILAC experiments were conducted for each cell lines in which the acid-adapted or non-adapted cells were labeled by growing them in SILAC “heavy” media (13C6 lysine and 13[image: image]N4 arginine), while the comparator cells (acid-naive or acid-adapted cells, respectively) were cultured in media containing the corresponding amino acids of naturally occurring isotopic distribution. The labeling strategy was reversed (flipped) to eliminate potential bias due to the media and incorporation of the stable isotope-labeled amino acids (Figure 3A) (62). MCF7 data was previously published for biomarker discovery of acid adaptation (27). In DCIS SILAC proteomics, 2,841 proteins were detected with 466 unique proteins for acid-adapted DCIS cells and 323 unique proteins for non-adapted ones (Figures 3B,C and Supplementary Figure 3). We used fold change to plot our data and used 1.5-fold change cut off (Figure 3C). The same analysis and cut off was applied for both DCIS and MCF7 cells. To do integrative analysis, we looked for any proteins related to the five explored motif packs isolated from RNA sequencing data (Figure 2C) in both MCF7 and DCIS proteomics with more than 1.5 ratio change in acid-adapted vs. non-adapted condition (Figure 3C). In order to perform integrative proteomics and transcriptomics data analysis we focused on 10 explored motifs based on motif ranking analysis (Figure 2C). This analysis has been conducted to ensure consistency of proteomics and transcriptomics data. Translational pattern of 19 differentially expressed genes were assessed in MCF7 and DCIS proteomics data. We plotted the interactome map for these altered proteins that were identified through integration of transcriptome and proteome data (Figure 3D). In this figure nodes in rectangular shape have both gene expression and protein translation alteration and oval nodes only present alterations in transcriptomics level. Ten proteins out of 19 discovered genes had more than 1.5-fold change in MCF7 and DCIS proteomics data (Figure 3E). Among these genes the ones presented in Figure 3F are differentially expressed at the proteomics level in the DCIS and MCF7 cell lines (Figure 3F). Due to abundancy of the S100 family proteins in both transcriptomics and proteomics data, this motif pack was chosen for further experimental validation.


[image: Figure 3]
FIGURE 3. Integrative analysis of proteomics and transcriptomics data to discover the acidic microenvironment induced EMT genes. (A) A schematic of our SILAC proteomics design. We flipped the labeling to make sure the changes in protein expression is not affected by the type of labels. (B) Venn diagram and (C) Log 2 fold change of SILAC proteomics data discovered in each flipping experiment. (D) Integrated interaction map of the regulatory subnetwork and their related altered proteins in both DCIS and MCF7 cell lines. (E) Venn diagram indicating that among n = 45 transcripts (The subnetwork and it's near interactions) n = 12 proteins were differentially translated with the abundancy of S100 family. (F) The name of proteins that are discovered in DCIS and MCF7 proteomics and are correlated to the motif's from RNA sequencing data.




Acid-Adapted MCF7 Cells Express Higher S100A6 and S100B Proteins

To further validate the S100 motif discovered in both RNA sequencing and proteomics data in acid-adapted EMT analysis, we performed Immunocytochemistry (ICC) experiments on our acid-adapted and non-adapted MCF7 cells. We chose S100A6 and S100B from the family because of over expression of S100A6 at the protein level in both MCF7 and DCIS cells and S100B as one marker discovered in RNA sequencing of MCF7 cells and the proteomics of DCIS. To do the experiment, both AA MCF7 and NA MCF7 were seeded on the one slide with eight chambers on it and were treated with exactly equal amounts of antibodies. Slides were imaged using a Leica TCS SP5 confocal microscope with exact settings for both cells, and samples were imaged the same day. We found higher expression of both S100B and S1006 in acid-adapted MCF7 cells (Figures 4A,B). To confirm the acid adaptation status of our cells, we also stained the acid-adapted MCF7 cells and the non-adapted MCF7 cells with the known marker of acid adaptation, LAMP2b. We observed membrane localization of LAMP2b in our acid-adapted MCF7 cells (Figure 4C), which is characteristic of acid-adapted cell populations.


[image: Figure 4]
FIGURE 4. Validation of higher expression of acid-induced EMT markers by Immunocytochemistry. (A) S100B protein expression in acid-adapted and non-adapted MCF7 cells with the analysis on right. S100B expression is significantly higher in acid adapted cells. (B) S100A6 ICC of acid-adapted and non-adapted MCF7 cancer cells shows higher expression of S100A6 in AA MCF7 cells. (C) LAMP2b ICC of acid-adapted and WT MCF7 cancer cells. Acid-adapted MCF7 cells display membrane localization of LAMP2b, compared to cytoplasmic localization in non-adapted MCF7 cells.




S100A6 Expression Correlates With Survival in Breast Cancer Patients

We then sought to clinically validate our identified S100 proteins expression in breast cancer patient Tissue Micro Arrays (TMA) that we have available at the Moffitt Cancer Center tissue core bank. On the basis of our previous findings, we hypothesized that an acidity biomarker should have two characteristics. First, due to the increase in glycolytic rate with breast cancer progression, there should be an association of progression with marker of acidity and second, the expression of the proteins should correlate somehow with the expression pattern of LAMP2b as it is a known marker of acidosis (27, 34). In short, S100A6 and S100B proteins should increase with stage similar to LAMP2b. To test this, we analyzed protein expression of S100A6 and S100B via IHC of TMAs containing patient sample biopsies from different stages of breast cancer totaling 160 cores. While the protein expression of S100A6 showed statistically (P < 0.0001) higher in tumor samples compared with adjacent normal breast there was no difference for S100B. The negative results of S100B could be the cause of problems with antigen specificity or epitopes that were used. We then continued our analysis with S100A6 by measuring the positivity of each core in different stages of breast cancer. Increased S100A6 expression correlates with increased tumor progression from DCIS to invasive ductal carcinoma (Figure 5A). There were notably significant differences between normal breast and DCIS, Invasive Ductal Carcinomas (IDCs), and IDCs with local metastases indicating the role of this protein in cancer progression and invasiveness. We then compared the survival of patients with high and low expression of S100A6 for each biopsy cores in three categories of DCIS, IDC and IDC with local metastasis. For defining high vs. low expression, we use the median of all the cores in each category as middle point and anything below the media was taken as low and vice versa. The data was analyzed using two testing methods: Mantel-Cox and Gehan-Greslow-Willcoxon. The DCIS category showed significant difference between low and high expression (Figure 5B), which confirms our previous studies of DCIS as the most acidic tumors in breast cancer. The difference wasn't significant for survival of patients with breast cancer at IDC, and IDC with local invasion stages, implying the importance of acidosis and acid related phenotype at early stages of cancer again (Supplementary Figure 4).


[image: Figure 5]
FIGURE 5. Clinical validation of S100A6 expression correlation to acid phenotype in breast cancer. (A) TMA analysis of 160 biopsy cores stained with S100A6 antibody showed increased expression of this protein from normal to DCIS, IDC, and IDC with Mets. Data are shown as mean with standard deviation as error bar. (B) Kaplan-Meier graph comparing DCIS patient's survival with low expression of S100A6 (Below the average) to patients with high S100A6 expression. Patients with high expression survived less than patients with low expression. (C) Representative images of core biopsies stained for both LAMP2b and S100A6 on sequential cuts. (D) Correlation analysis of LAMP2b and S100A6 in different stages of breast cancer.


To further prove the correlation of S100A6 and acidosis we compared the positivity of LAMP2b as a marker of acidosis and S100A6 as our candidate, for each biopsy core in our TMA. Comparative analysis of S100A6 positivity from each biopsy core to LAMP2b expression of the same core showed a correlation between these two proteins (Figures 5C,D) validating the role of S100A6 in acid adaptation.




DISCUSSION

Deregulated energetics is a hallmark of cancer progression, and the deregulation of cellular energetics has a profound effect on the growth and progression of a tumor. The creation of an acidic tumor microenvironment (TME) is one of these major consequences of deregulated cancer cell energetics. When faced with the acidic TME the cancer cell population must either adapt or perish, with the former being the usual outcome due to the extraordinary ability of cancerous cell populations to adapt to a changing environment. This adaptation to an acidic TME is not a passive action and leads to permanent changes in the phenotype of the surviving population. Little is known about the phenotypic changes that occur throughout the arduous task of adapting to the acidic TME, and deeper insight into these changes will move us a step in the direction of targeting these aggressive populations therapeutically.

Although the concept of lower pH in the tumor microenvironment is not a new discovery, the specific studying of acid-adapted cancer cell phenotypic switch is a relatively new realm of science. Previous investigations have found numerous phenotypic changes that occur during cancer cell populations adapting to an acidic environment such as, chronic autophagy (63), increased presence of lysosomal proteins in the plasma membrane (27), and heightened aggressiveness (34). Acidity in the intratumoral environment, not associated with acid adaptation, has also been shown to foster the stemness of cancer cell populations in osteosarcoma (64).

The aim of this study was to understand the role of acidic microenvironment in the EMT phenotypic switch, a demonstration of cancer plasticity and heterogeneity of cancer cell populations, and study their role in patient survival. We used a unique approach to identify vital regulatory sub-networks that are involved in the acid adaptation of cancer cell populations using integrative analysis of transcriptomic and proteomic data of selected cancer cells under an acid microenvironment that mimics one of the harsh selection pressures amongst many in solid breast tumors. The advantage of our approach is that our network analysis workflow encompasses different layers of information such as log fold change in cells, involvement of genes in partial and complete EMT processes and network centrality parameters which reflects gene regulatory role in the whole network. These considerations led to isolation of the motifs that have a critical role in cancer cells' acid adaptation and pEMT. The discovered motifs also have significant regulatory function throughout the network from a structural perspective. Network centrality parameters were considered as a unique factor to weighting nodes. Log fold changes of motif genes were another parameter to rank motifs. Therefore, we have four parameters to rank the motifs: direct association of motif in EMT, motif prioritization score which is based on Cytoscape GPEC plugin and reflect indirect association of motif in EMT, centrality of the gene within the network, and expression behavior of motif in acidosis. When taken in total, these four parameters return the important motifs within the system.

Here in, we demonstrated the correlation of cancer cells acid adaptation, EMT and its driven heterogeneity with patient's survival. Our findings demonstrated a partial EMT phenotype in our acid-adapted cellular populations by correlation to EMT markers accepted in the field. This partial transition may represent a heightened degree of plasticity or metastatic ability, with cells carrying phenotypic characteristics of both epithelial and mesenchymal cells. We observed downregulation of Snai1 in the acid-adapted group, which negatively correlates with E-cadherin expression, and is not typical of a traditional EMT switch. While this was not typical of the EMT response, we did observe EMT characteristics with heightened vimentin and N-cadherin expression. Due to the observed changes in EMT markers caused by acid adaptation, we believe the acid adaptation may target specific pathways in the EMT process, while neglecting others. We also proposed one of the possible mechanisms of acid-induced EMT phenotypic alteration through S100 family proteins, specifically S100A6 and S100B proteins. These findings can be used for therapeutic advances targeting EMT and heterogeneity of breast tumors while also providing a better understanding of the mechanism behind microenvironment induced phenotypic changes toward EMT, and the role EMT plays in acid-induced cancer progression and evolution.



DATA AVAILABILITY STATEMENT

The datasets generated for this study can be found in the NCBI Gene Expression Omnibus (GSE145383).



ETHICS STATEMENT

All the patient data for breast TMA4 used in this study were deidentified by Moffitt Cancer Center and consent was obtained from the participants at the source. The authors of this manuscript had no access to patient information in any course of this study.



AUTHOR CONTRIBUTIONS

MD designed and accomplished the experiment and wrote the manuscript. MS and IR analyzed the data. BO, PB, BF, and CZ did the experiments. JJ analyzed the images. JK and SY supervised the proteomics and transcriptome analysis.



FUNDING

This work was supported by two grants from NCI: U54CA193489, Cancer as a Complex Adaptive System and R01CA077575, Causes & Consequences of Acid pH in Tumors.



ACKNOWLEDGMENTS

We thank Samantha Byrne for technical assistance.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2020.00304/full#supplementary-material



REFERENCES

 1. Gouirand V, Guillaumond F, Vasseur S. Influence of the tumor microenvironment on cancer cells metabolic reprogramming. Front Oncol. (2018) 8:117. doi: 10.3389/fonc.2018.00117

 2. Gravenmier CA, Siddique M, Gatenby RA. Adaptation to stochastic temporal variations in intratumoral blood flow: the Warburg effect as a bet hedging strategy. Bull Math Biol. (2018) 80:954–70. doi: 10.1007/s11538-017-0261-x

 3. Epstein T, Gatenby RA, Brown JS. The Warburg effect as an adaptation of cancer cells to rapid fluctuations in energy demand. PLoS ONE. (2017) 12:e0185085. doi: 10.1371/journal.pone.0185085

 4. Brooks AN, Turkarslan S, Beer KD, Lo FY, Baliga NS. Adaptation of cells to new environments. Wiley Interdiscip Rev Syst Biol Med. (2011) 3:544–61. doi: 10.1002/wsbm.136

 5. Marjanovic ND, Weinberg RA, Chaffer CL. Cell plasticity and heterogeneity in cancer. Clin Chem. (2013) 59:168–79. doi: 10.1373/clinchem.2012.184655

 6. Cabrera MC, Hollingsworth RE, Hurt EM. Cancer stem cell plasticity and tumor hierarchy. World J Stem Cells. (2015) 7:27–36. doi: 10.4252/wjsc.v7.i1.27

 7. Karacosta LG, Anchang B, Ignatiadis N, Kimmey SC, Benson JA, Shrager JB, et al. Mapping lung cancer epithelial-mesenchymal transition states and trajectories with single-cell resolution. Nat Commun. (2019) 10:5587. doi: 10.1038/s41467-019-13441-6

 8. Lovisa S, Zeisberg M, Kalluri R. Partial epithelial-to-mesenchymal transition and other new mechanisms of kidney fibrosis. Trends Endocrinol Metab. (2016) 27:681–95. doi: 10.1016/j.tem.2016.06.004

 9. Aiello NM, Maddipati R, Norgard RJ, Balli D, Li J, Yuan S, et al. EMT subtype influences epithelial plasticity and mode of cell migration. Dev Cell. (2018) 45:681–95.e4. doi: 10.1016/j.devcel.2018.05.027

 10. Jolly MK, Somarelli JA, Sheth M, Biddle A, Tripathi SC, Armstrong AJ, et al. Hybrid epithelial/mesenchymal phenotypes promote metastasis and therapy resistance across carcinomas. Pharmacol Ther. (2019) 194:161–84. doi: 10.1016/j.pharmthera.2018.09.007

 11. Dirkse A, Golebiewska A, Buder T, Nazarov PV, Muller A, Poovathingal S, et al. Stem cell-associated heterogeneity in Glioblastoma results from intrinsic tumor plasticity shaped by the microenvironment. Nat Commun. (2019) 10:1787. doi: 10.1038/s41467-019-09853-z

 12. Gupta PB, Pastushenko I, Skibinski A, Blanpain C, Kuperwasser C. Phenotypic plasticity: driver of cancer initiation, progression, and therapy resistance. Cell Stem Cell. (2019) 24:65–78. doi: 10.1016/j.stem.2018.11.011

 13. Enderling H. Cancer stem cells: small subpopulation or evolving fraction? Integr Biol. (2015) 7:14–23. doi: 10.1039/C4IB00191E

 14. Tan EJ, Olsson AK, Moustakas A. Reprogramming during epithelial to mesenchymal transition under the control of TGFbeta. Cell Adh Migr. (2015) 9:233–46. doi: 10.4161/19336918.2014.983794

 15. Valcourt U, Carthy J, Okita Y, Alcaraz L, Kato M, Thuault S, et al. Analysis of epithelial-mesenchymal transition induced by transforming growth factor beta. Methods Mol Biol. (2016) 1344:147–81. doi: 10.1007/978-1-4939-2966-5_9

 16. Tang C, Liu T, Wang K, Wang X, Xu S, He D, et al. Transcriptional regulation of FoxM1 by HIF1alpha mediates hypoxiainduced EMT in prostate cancer. Oncol Rep. (2019) 42:1307–18. doi: 10.3892/or.2019.7248

 17. Suzuki A, Maeda T, Baba Y, Shimamura K, Kato Y. Acidic extracellular pH promotes epithelial mesenchymal transition in Lewis lung carcinoma model. Cancer Cell Int. (2014) 14:129. doi: 10.1186/s12935-014-0129-1

 18. Wykoff CC, Beasley NJ, Watson PH, Turner KJ, Pastorek J, Sibtain A, et al. Hypoxia-inducible expression of tumor-associated carbonic anhydrases. Cancer Res. (2000) 60:7075–83.

 19. Gillies RJ, Gatenby RA, Hypoxia and adaptive landscapes in the evolution of carcinogenesis. Cancer Metastasis Rev. (2007) 26:311–7. doi: 10.1007/s10555-007-9065-z

 20. Gerlinger M, Rowan AJ, Horswell S, Larkin J, Endesfelder D, Gronroos E, et al. Intratumor heterogeneity and branched evolution revealed by multiregion sequencing. N Engl J Med. (2012) 366:883–92. doi: 10.1056/NEJMoa1113205

 21. Sottoriva A, Spiteri I, Piccirillo SG, Touloumis A, Collins VP, Marioni JC, et al. Intratumor heterogeneity in human glioblastoma reflects cancer evolutionary dynamics. Proc Natl Acad Sci USA. (2013) 110:4009–14. doi: 10.1073/pnas.1219747110

 22. Baird RD, Caldas C. Genetic heterogeneity in breast cancer: the road to personalized medicine? BMC Med. (2013) 11:151. doi: 10.1186/1741-7015-11-151

 23. Yachida S, Iacobuzio-Donahue CA. Evolution and dynamics of pancreatic cancer progression. Oncogene. (2013) 32:5253–60. doi: 10.1038/onc.2013.29

 24. Ibrahim-Hashim A, Robertson-Tessi M, Enriquez-Navas PM, Damaghi M, Balagurunathan Y, Wojtkowiak JW, et al. Defining cancer subpopulations by adaptive strategies rather than molecular properties provides novel insights into intratumoral evolution. Cancer Res. (2017) 77:2242–54. doi: 10.1158/0008-5472.CAN-16-2844

 25. Ercan D, Zejnullahu K, Yonesaka K, Xiao Y, Capelletti M, Rogers A, et al. Amplification of EGFR T790M causes resistance to an irreversible EGFR inhibitor. Oncogene. (2010) 29:2346–56. doi: 10.1038/onc.2009.526

 26. Gatenby RA, Gillies RJ. A microenvironmental model of carcinogenesis. Nat Rev Cancer. (2008) 8:56–61. doi: 10.1038/nrc2255

 27. Damaghi M, Tafreshi NK, Lloyd MC, Sprung R, Estrella V, Wojtkowiak JW, et al. Chronic acidosis in the tumour microenvironment selects for overexpression of LAMP2 in the plasma membrane. Nat Commun. (2015) 6:8752. doi: 10.1038/ncomms9752

 28. Damaghi M, Wojtkowiak JW, Gillies RJ. pH sensing and regulation in cancer. Front Physiol. (2013) 4:370. doi: 10.3389/fphys.2013.00370

 29. Gillies RJ, Robey I, Gatenby RA. Causes and consequences of increased glucose metabolism of cancers. J Nucl Med. (2008) 49 (Suppl. 2):4S−42S. doi: 10.2967/jnumed.107.047258

 30. Estrella V, Chen T, Lloyd M, Wojtkowiak J, Cornnell HH, Ibrahim-Hashim A, et al. Acidity generated by the tumor microenvironment drives local invasion. Cancer Res. (2013) 73:1524–35. doi: 10.1158/0008-5472.CAN-12-2796

 31. Xu L, Fukumura D, Jain RK. Acidic extracellular pH induces vascular endothelial growth factor (VEGF) in human glioblastoma cells via ERK1/2 MAPK signaling pathway: mechanism of low pH-induced VEGF. J Biol Chem. (2002) 277:11368–74. doi: 10.1074/jbc.M108347200

 32. Lardner A. The effects of extracellular pH on immune function. J Leukoc Biol. (2001) 69:522–30.

 33. Pilon-Thomas S, Kodumudi KN, El-Kenawi AE, Russell S, Weber AM, Luddy K, et al. Neutralization of tumor acidity improves antitumor responses to immunotherapeutic interventions. Cancer Res. (2015) 76:1381–90. doi: 10.1158/0008-5472.CAN-15-1743

 34. Damaghi M, Gillies R. Phenotypic changes of acid adapted cancer cells push them toward aggressiveness in their evolution in the tumor microenvironment. Cell Cycle. (2016) 16:1739–43. doi: 10.1080/15384101.2016.1231284

 35. Kelley DZ, Flam EL, Izumchenko E, Danilova LV, Wulf HA, Guo T, et al. Integrated analysis of whole-genome ChIP-Seq and RNA-Seq data of primary head and neck tumor samples associates HPV integration sites with open chromatin marks. Cancer Res. (2017) 77:6538–50. doi: 10.1158/0008-5472.CAN-17-0833

 36. Wang J, Zuo Y, Man YG, Avital I, Stojadinovic A, Liu M, et al. Pathway and network approaches for identification of cancer signature markers from omics data. J Cancer. (2015) 6:54–65. doi: 10.7150/jca.10631

 37. Wolchok JD, Kluger H, Callahan MK, Postow MA, Rizvi NA, Lesokhin AM, et al. Nivolumab plus ipilimumab in advanced melanoma. N Engl J Med. (2013) 369:122–33. doi: 10.1056/NEJMoa1302369

 38. Wang Z, Gerstein M, Snyder M. RNA-seq: a revolutionary tool for transcriptomics. Nat Rev Genet. (2009) 10:57–63. doi: 10.1038/nrg2484

 39. Kreeger PK, Lauffenburger DA. Cancer systems biology: a network modeling perspective. Carcinogenesis. (2009) 31:2–8. doi: 10.1093/carcin/bgp261

 40. Patt A, Siddiqui J, Zhang B, Mathe E. Integration of metabolomics and transcriptomics to identify gene-metabolite relationships specific to phenotype. Methods Mol Biol. (2019) 1928:441–68. doi: 10.1007/978-1-4939-9027-6_23

 41. Schmitz L, McCotter S, Kretschmer M, Kronstad JW, Heimel K. Transcripts and tumors: regulatory and metabolic programming during biotrophic phytopathogenesis. F1000Research. (2018) 7:F1000. doi: 10.12688/f1000research.16404.1

 42. Sadeghi M, Ranjbar B, Ganjalikhany MR, Khan FM, Schmitz U, Wolkenhauer O, et al. MicroRNA and transcription factor gene regulatory network analysis reveals key regulatory elements associated with prostate cancer progression. PLoS ONE. (2016) 11:e0168760. doi: 10.1371/journal.pone.0168760

 43. Guo NL, Wan YW. Network-based identification of biomarkers coexpressed with multiple pathways. Cancer Inform. (2014) 13 (Suppl. 5):37–47. doi: 10.4137/CIN.S14054

 44. Armour CD, Castle JC, Chen R, Babak T, Loerch P, Jackson S, et al. Digital transcriptome profiling using selective hexamer priming for cDNA synthesis. Nat Methods. (2009) 6:647–9. doi: 10.1038/nmeth.1360

 45. Bolger AM, Lohse M, Usadel B. Trimmomatic: a flexible trimmer for Illumina sequence data. Bioinformatics. (2014) 30:2114–20. doi: 10.1093/bioinformatics/btu170

 46. Kim D, Langmead B, Salzberg SL. HISAT: a fast spliced aligner with low memory requirements. Nat Methods. (2015) 12:357. doi: 10.1038/nmeth.3317

 47. Anders S, Pyl PT, Huber W. HTSeq–a Python framework to work with high-throughput sequencing data. Bioinformatics. (2015) 31:166–9. doi: 10.1093/bioinformatics/btu638

 48. Team RC. A language and environment for statistical computing. Computing. (2006) 83:3097–107. doi: 10.1890/0012-9658(2002)083[3097:CFHIWS]2.0.CO;2

 49. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. (2014) 15:550. doi: 10.1186/s13059-014-0550-8

 50. von Mering C, Huynen M, Jaeggi D, Schmidt S, Bork P, Snel B. STRING: a database of predicted functional associations between proteins. Nucleic Acids Res. (2003) 31:258–61.

 51. Alon U. Network motifs: theory and experimental approaches. Nat Rev Genet. (2007) 8:450. doi: 10.1038/nrg2102

 52. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. (2003) 13:2498–504.

 53. Rinnone F, Micale G, Bonnici V, Bader GD, Shasha D, Ferro A, et al. NetMatchStar: an enhanced Cytoscape network querying app. F1000Research. (2015) 4:479. doi: 10.12688/f1000research.6656.1

 54. Le D-H, Pham V-H. HGPEC: a Cytoscape app for prediction of novel disease-gene and disease-disease associations and evidence collection based on a random walk on heterogeneous network. BMC Syst Biol. (2017) 11:61. doi: 10.1186/s12918-017-0437-x

 55. Assenov Y, Ramirez F, Schelhorn SE, Lengauer T, Albrecht M. Computing topological parameters of biological networks. Bioinformatics. (2008) 24:282–4.

 56. Khan FM, Marquardt S, Gupta SK, Knoll S, Schmitz U, Spitschak A, et al. Unraveling a tumor type-specific regulatory core underlying E2F1-mediated epithelial-mesenchymal transition to predict receptor protein signatures. Nat Commun. (2017) 8:198. doi: 10.1038/s41467-017-00268-2

 57. Razavi P, Chang MT, Xu G, Bandlamudi C, Ross DS, Vasan N, et al. The genomic landscape of endocrine-resistant advanced breast cancers. Cancer Cell. (2018) 34:427–38.e6. doi: 10.1016/j.ccell.2018.08.008

 58. Curtis C, Shah SP, Chin SF, Turashvili G, Rueda OM, Dunning MJ, et al. The genomic and transcriptomic architecture of 2,000 breast tumours reveals novel subgroups. Nature. (2012) 486:346–52. doi: 10.1038/nature10983

 59. Persi E, Duran-Frigola M, Damaghi M, Roush WR, Aloy P, Cleveland JL, et al. Systems analysis of intracellular pH vulnerabilities for cancer therapy. Nat Commun. (2018) 9:2997. doi: 10.1038/s41467-018-05261-x

 60. Le D-H, Kwon Y-K. GPEC: A Cytoscape plug-in for random walk-based gene prioritization and biomedical evidence collection. Comput Biol Cem. (2012) 37:1–23. doi: 10.1016/j.compbiolchem.2012.02.004

 61. Geiger T, Wisniewski JR, Cox J, Zanivan S, Kruger M, Ishihama Y, et al. Use of stable isotope labeling by amino acids in cell culture as a spike-in standard in quantitative proteomics. Nat Protoc. (2011) 6:147–57. doi: 10.1038/nprot.2010.192

 62. Cox J, Matic I, Hilger M, Nagaraj N, Selbach M, Olsen JV, et al. A practical guide to the MaxQuant computational platform for SILAC-based quantitative proteomics. Nat Protoc. (2009) 4:698–705. doi: 10.1038/nprot.2009.36

 63. Wojtkowiak JW, Rothberg JM, Kumar V, Schramm KJ, Haller E, Proemsey JB, et al. Chronic autophagy is a cellular adaptation to tumor acidic pH microenvironments. Cancer Res. (2012) 72:3938–47. doi: 10.1158/0008-5472.CAN-11-3881

 64. Avnet S, Di Pompo G, Chano T, Errani C, Ibrahim-Hashim A, Gillies RJ, et al. Cancer-associated mesenchymal stroma fosters the stemness of osteosarcoma cells in response to intratumoral acidosis via NF-kappaB activation. Int J Cancer. (2017) 140:1331–45. doi: 10.1002/ijc.30540

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Sadeghi, Ordway, Rafiei, Borad, Fang, Koomen, Zhang, Yoder, Johnson and Damaghi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fonc-10-00304-g005.gif
ez stk D e

Positivity %

106 ith etz






OPS/images/fonc-10-00304-t001.jpg
Sets. wy w2 ws Wa
Set 1 1 [ 0 0
[ [ 1 0
[ [ 0 1

Set 2 1.4 o 0 34
[ 1.4 0 3.4

[ [ 14 3.4

Set3 1.8 18 0 34

1.8 o 18 3.4

[ 18 18 34

Set 4 1.16 1.16 18 34

1.16 18 1.16 3.4

18 1.16 1.16 34

Set5 1.4 1.4 14 1.4






OPS/images/fonc-10-00304-g003.gif





OPS/images/fonc-10-00304-g004.gif





OPS/images/inline_1.gif
4
o





OPS/images/math_1.gif
P o L)
2 ‘max(nD) * 2 “max(nB)
g (G (LFC):

5 max(GPS) " Y max(LFC)

AnByi P
F Y max(PP)






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Integrative Analysis of Breast Cancer Cells Reveals an Epithelial-Mesenchymal Transition Role in Adaptation to Acidic Microenvironment



		Introduction



		Materials and Methods



		Cell Culture and Acid Adaptation in vitro



		RNA Sequencing



		RNA Sequencing Data Processing and Analysis







		Proteomics



		SILAC Labeling



		Lysis and Digestion



		Isoelectric Focusing Fractionation



		LC–MS/MS



		Network Construction



		Motif Exploring and Motif Ranking













		Proteomics and Transcriptomics Integrative Data Analysis



		Examining Survival and Gene Alteration Changes



		Immunofluorescence



		Immunohistochemistry



		Statistical Analysis



		Results



		RNA Sequencing of Acid-Adapted and Non-adapted MCF7 Cells Unravels the EMT Mechanism of Breast Cancer Cells



		Gene Regulatory Network









		Integrative Analysis of Transcriptomics and Proteomics of Acid-Adapted and Non-adapted MCF7 Cells Reveals the Role of S100 Proteins in Acid-Induced Epithelial to Mesenchymal Transition



		Acid-Adapted MCF7 Cells Express Higher S100A6 and S100B Proteins



		S100A6 Expression Correlates With Survival in Breast Cancer Patients







		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References

















OPS/images/cover.jpg
, frontiers
in Oncology

Integrative Analysis of Breast
Cancer Cells Reveals an
Epithelial-Mesenchymal Transition
Role in Adaptation to Acidic
Microenvironment





OPS/images/fonc-10-00304-g001.gif





OPS/images/fonc-10-00304-g002.gif
A £
-

TR -
e oy e ST
Emr e e R
T2 el
SRR S
memmn T e e T
S52TS FEer e
=E s
- - s
N S S iy
S<S5z= zeeg =She soTeent
-
“ H -
e - - ww . e ", T4

G 00 65 0 S T A o W
- -

FERLEEHE
93EEEEUEED










OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Oncology





